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Abstract. Three-dimensional medical images inherently exhibit spatial
anisotropy due to non-uniform slice spacing and heterogeneous acqui-
sition protocols. However, most 3D Transformer architectures assume
isotropic voxel grids and rely on fixed resampling to standardize inputs.
This mismatch introduces two key limitations: (1) forced resampling dis-
torts native anatomical geometry and may degrade fine structural details;
(2) isotropic positional encoding may overlook instance-specific spacing,
limiting spatial precision. While recent anisotropy-aware designs intro-
duce direction-specific priors, they typically depend on static, dataset-
level scaling factors that require manual hyperparameter tuning and lack
instance-specific adaptivity. To address these limitations, we propose
Learnable Anisotropic Deformation (LAD), a geometry-aware adapta-
tion framework for 3D Transformers. LAD learns instance-specific spatial
scaling factors directly from image features and incorporates them into
both positional encoding and feature modulation. We design a frequency-
modulated anisotropic Rotary Positional Embedding (RoPE) to adjust
spatial phase and an adaptive anisotropic feature modulation module
to recalibrate semantic responses along biased axes. This design enables
Transformers to respect native volumetric structure without requiring ex-
plicit spacing metadata. We integrate LAD into three representative 3D
backbones and evaluate it on volumetric segmentation and multi-disease
classification benchmarks. Across four datasets (17,359 3D volumes) and
six tasks spanning CT and MRI, LAD consistently improves performance
across backbones. Further analysis shows that the learned scales corre-
late with physical spacing in segmentation and adapt across classification
tasks, supporting both geometric consistency and task adaptivity. The
code is available at https://github.com/chengcailiu/LAD.
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1 Introduction

Transformers have revolutionized medical image analysis, shifting the paradigm
from task-specific CNNs to general-purpose 3D representation learners |4}[6}[10].
By leveraging self-attention, these architectures capture long-range dependen-
cies and global semantic contexts. Recently, scaling these volumetric backbones
has yielded robust foundation models that establish a unified methodology for
understanding complex human anatomy [1}2,[15H17].

Despite this versatility, a fundamental conflict persists: the isotropic architec-
tural design of standard Transformers clashes with the inherent spatial biases of
medical data. These biases stem from both physical acquisition and anatomical
morphology [12]. To bridge this gap, prevailing pipelines force data homoge-
nization through fixed spatial resampling [§] or isotropic grids. However, this
forced homogenization is fundamentally suboptimal, as irreversible resampling
inevitably compromises data fidelity [11]. Rather than irremediably distorting
native data to fit rigid architectures, an ideal network should adapt its inter-
nal computational geometry to naturally accommodate these composite spatial
biases.

Transformers heavily depend on Positional Encodings (PEs) to interpret 3D
structures. However, standard Absolute PEs and isotropic Rotary Positional Em-
beddings (RoPE) [14] often assume a regular voxel grid. While recent direction-
specific PEs 9] introduce static priors, adapting to dynamic inter-subject vari-
ability remains challenging. Crucially, spatial biases extend beyond positional
misalignment, as non-uniform spatial resolutions can also distort local textures
within semantic feature representations. Although anatomical priors frequently
provide spatial guidance, directly translating dynamic geometric scales into se-
mantic feature modulation remains relatively underexplored.

To concurrently address these positional and semantic limitations, we pro-
pose LAD (Learnable Anisotropic Deformation), a versatile architectural
framework designed to dynamically adapt to physical spacing and anatomical
morphology. Here, “deformation” denotes an internal anisotropic reparameteriza-
tion of spatial phase and feature amplitude, rather than voxel-level spatial warp-
ing. By recalibrating both positional embeddings and feature representations to
respect native volumetric geometry, this work makes the following contributions:

— We introduce an Instance-aware Anisotropy Learner to dynamically
regress spatial scaling factors from image textures, empowering the model
to perceive non-uniform spatial resolutions and orientation biases.

— We propose a Frequency-modulated Anisotropic RoPE that aligns po-
sitional encoding frequencies with the perceived geometric space to maintain
consistent spatial attention across directionally biased dimensions.

— We design an Adaptive Anisotropic Feature Modulation (AAFM)
mechanism that leverages learned geometric priors to residually gate feature
channels, acting as a dynamic filter to explicitly recalibrate axis-specific se-
mantic representations.
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Fig. 1. Overview of the Learnable Anisotropic Deformation (LAD) framework. The
Instance-aware Anisotropy Learner dynamically extracts physical scaling factors (s)
from image features. These geometry priors are bifurcated into two pathways: 1) mod-
ulating the rotation frequencies in Anisotropic RoPE (spatial phase), and 2) gating
the channel representations via AAFM (feature amplitude), ensuring the Transformer
seamlessly adapts to native physical geometries.

2 Methodology

2.1 Overview of the Learnable Anisotropic Deformation Framework

As illustrated in Fig. [T} LAD operates by dynamically perceiving composite spa-
tial biases and injecting them into both the attention mechanism and the feature
space. Specifically, given an intermediate feature representation, LAD first em-
ploys the Instance-aware Anisotropy Learner to regress an explicit geomet-
ric scaling factor s. This prior is then bifurcated into two parallel modulation
pathways. In the spatial pathway, the Frequency-modulated Anisotropic
ROoPE scales the base rotation frequencies by s to physically calibrate the self-
attention coordinate space. Concurrently, in the semantic pathway, the AAFM
leverages s to residually recalibrate the feature channels. This dual-pathway de-
sign facilitates geometry-consistent modeling of both spatial dependencies (the
“where”) and semantic representations (the “what”).

2.2 Instance-aware Anisotropy Learner

To automate the perception of geometric priors from both acquisition and anatomy,
we design an axis-specific hyper-network. For backbone compatibility, input fea-
tures are reshaped into their canonical 3D topology X € REXPXHXW by ynflat-
tening patch sequences. Along each axis k € {d, h, w}, we summarize transverse
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planes via an orthogonal mean pooling P, ;. (e.g., P 4 averages { H, W}). This 1D
structural profile is processed through a 1D Convolution to capture local inter-
slice dependencies, followed by Global Average Pooling (GAP) and an MLP to
regress the instance-specific scale sj:

sk = 1.0 + tanh (MLP}, (GAP (ConvDy (P (X))))) (1)

Zero-initializing the MLP’s final linear layer promotes s;; = 1.0 at training onset,
facilitating a stable transition from pre-trained isotropic states. These predicted
scales then guide a dual-calibration process: Anisotropic RoPE adjusts the spa-
tial phase of coordinates, while AAFM recalibrates the semantic amplitude of
features along the target axes.

2.3 Frequency-modulated Anisotropic RoPE

Standard RoPE encodes spatial distances by rotating token vectors in the com-
plex plane using a fixed frequency set ©. However, this static approach im-
plicitly assumes an isotropic coordinate space. To bridge this gap, we propose
an Anisotropic RoPE that explicitly modulates the base frequencies using our
learned geometric priors to match the physical reality.

For a patch token located at the 3D coordinate p = (pg, ph, Pw), anisotropic
RoPE is applied independently within each attention head. For an attention layer
with A heads, the Anisotropy Learner produces a three-dimensional scale vector
s(@) = [s((ia), sgla), sq(ff)] for the a-th head, corresponding to the depth, height, and
width axes. Within each head, the channel dimension is equally partitioned into
three groups, and each group is assigned to one spatial axis. The modulated
rotation frequency for axis k € {d,h,w} in head a is dynamically defined as
é,(:) =6- s,(:). Consequently, the attention score between a query at position
p and a key at position q becomes a function of the physically-scaled relative
distance:

A
Score(p, q) Z Z cos ((pk —qr) -6 - s,(qa)) (2)

a=1ke{d,h,w}

Intuitively, if the Anisotropy Learner predicts a large scale s > 1.0 for a highly
down-sampled depth axis, the spatial frequency proportionally increases. A dis-
crete coordinate step of Az = 1 thereby produces a significantly larger phase
shift, effectively stretching the perceived mathematical distance to compensate
for the true physical slice thickness.

2.4 Adaptive Anisotropic Feature Modulation (AAFM)

While anisotropic RoPE recalibrates the spatial coordinate space, non-uniform
spatial resolutions also distort the semantic feature representations. To address
this, we propose Adaptive Anisotropic Feature Modulation (AAFM) to dynam-
ically modulate channel responses based on the perceived geometry.



LAD: Learnable Anisotropic Deformation for 3D Medical Image Analysis 5

Given the learned scaling vector s = [S4, Sp, Sw], AAFM generates a channel-
wise gating signal g € RY, where C' denotes the channel dimension of each
attention head. To match the high-dimensional feature space, we first map s to
an axis-specific gate Ag € R? via a lightweight MLP, which is then expanded
block-wise and padded to geometrically align with the respective channel groups
of Anisotropic RoPE, ensuring consistency between the spatial phase modulation
in RoPE and the semantic amplitude modulation in AAFM. The modulated
features X are computed as:

X =X © (1.0 4 tanh (MLP 44 (s))) = X + X © Ag (3)

By employing a residual formulation with zero-initialized MLP 444, AAFM acts
as a dynamic, orientation-aware filter that can selectively amplify or attenuate
feature channels without disrupting the original representation space.

3 Experiments

3.1 Backbone Integration

To evaluate architectural generalizability, we integrate LAD (Anisotropy Learner,
Anisotropic RoPE, and AAFM) into three representative 3D Transformer back-
bones: UNETR (ViT), SwinUNETR (Swin Transformer), and Primus (EVA-02).
In each case, we integrate anisotropic RoPE into the attention blocks, replac-
ing or augmenting the original positional encoding depending on the backbone.
Meanwhile, the Learner and AAFM are embedded within the transformer blocks
to facilitate adaptive modulation of spatial and semantic representations.

3.2 Datasets

Volumetric Segmentation. AbdomenAtlas 1.0 mini [13]| features 5,195
multi-center CT scans and 9 organs, providing diverse Z-axis spacing to evaluate
LAD’s perception of physical anisotropy ratios at scale. Following a 4:1 train-
test split, we perform 5-fold cross-validation on the training set and report mean
Dice (mDice) and mean HD95 (mHD95) results via ensemble inference on the
test set.

Downstream Classification. To evaluate the robustness and generalizabil-
ity of the learned representations, we assess LAD on five downstream classifica-
tion tasks across heterogeneous imaging modalities and clinical settings.

1. RadChest-CT [5] targets thoracic abnormality prediction to evaluate
task-adaptive scaling across diverse pathological morphologies within a stan-
dardized input grid. We focus on three abnormality prediction tasks: at-
electasis (T1), lung opacity (T2), and bronchiectasis (T3). The dataset includes
3,630 CT scans with the official training, validation, and test splitﬂ

2. UCSF-MRI |3] involves brain IDH mutation prediction (T4) to evaluate
cross-modality stability and LAD’s robustness under small-scale data regimes.

4 |nttps://zenodo.org /records /6406114
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The dataset includes 495 patients, and is randomly divided into training, vali-
dation, and test sets in a 7:1:2 ratio.

3. MultiCenter-CT targets multi-center lung cancer subtype prediction
(T5, squamous cell carcinoma vs. adenocarcinoma) to evaluate framework re-
silience to inter-site heterogeneity and varying acquisition protocols. The dataset
includes 6,804 patients with lung cancer from Center 1 (West China Hospital of
Sichuan University) and 1,235 patients from Center 2 (The first hospital of Jilin
University). Center 1 is randomly divided into training and validation sets with
an 8:2 ratio, while Center 2 serves as an independent external test set.

3.3 Implementation Details

Volumetric Segmentation. Using an adapted nnU-Net, we disable spatial re-
sampling and restrict augmentations to in-plane transformations to strictly pre-
serve native physical spacings and anatomical orientations. Models are trained
with Dice and Cross-Entropy loss, using 96 patches, a batch size of 4. The initial
learning rates for UNETR, SwinUNETR, and Primus are configured following
the standard baselines [15].

Downstream Classification. For RadChest-CT and MultiCenter-CT,
we first obtain lung masks using a publicly available pre-trained U-Net for lung
segmentation |7]. We then extract the lung bounding box, resize the cropped
volume to 48 x 256 x 256, and normalize CT intensities for standardization.
For UCSF-MRI, we directly resize each volume to 48 x 256 x 256 and apply
min—-max normalization. Although resizing may introduce geometric distortion,
LAD is designed to model and adapt to the resulting anisotropy. We train all
classification models with a batch size of 16 using cross-entropy loss.

Hardware and Software. Experiments are implemented in PyTorch 2.6
(Python 3.12) and conducted on a single NVIDIA A800 (80GB) GPU. We use
the AdamW optimizer for all tasks.

4 Results and Discussion

4.1 Main Results

Table[T]demonstrates the consistent performance gains of LAD across volumetric
segmentation and diverse classification benchmarks. For the standard UNETR,
LAD increases the mDice from 65.93% to 71.58% while reducing boundary errors
(mHD95). In classification, LAD compensates for the ViT baseline’s lack of spa-
tial inductive bias, improving the RadChest-CT (T3) AUC from 0.498 to 0.678.
Notably, LAD yields additional gains when integrated into stronger architec-
tures like SWinUNETR and Primus. Crucially, LAD provides improved stability
in limited-data regimes; it improves the EVA-02 baseline on the UCSF-MRI task,
elevating the AUC from 0.347 to 0.584.

Static vs. Dynamic Scaling. To evaluate LAD against existing anisotropy-
aware methods, we integrate AFPE [9] into the UNETR backbone, following the
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Table 1. Comprehensive performance of LAD across segmentation and classification
tasks. AFPE employs dataset-specific fixed scaling factors.

Segmentation Classification (AUC

Seg./Cls. Model mDicgeT mHD95 || T1 | T2 | T3 ( T4 Tz_1*5
UNETR/ViT 65.93 50.21 0.609 [ 0.542 | 0.498 | 0.519 | 0.678
+ AFPE 66.80 49.68 0.659 [ 0.600 | 0.646 | 0.516 | 0.738
+ LAD (Ours) 71.58 41.37 |0.676(/0.616/0.678(0.586(0.762
SwinUNETR/Swin Trans.| 72.83 41.79 0.6570.602| 0.625 | 0.532 | 0.769
+ LAD (Ours) 73.43 41.04 (0.693(0.631/0.636/0.541|0.813
Primus/EVA-02 73.46 35.69 0.636 | 0.561 | 0.524 | 0.347 | 0.686
+ LAD (Ours) 74.10 34.84 |0.644|0.598/0.581(0.584/0.770
a b

)
am)

Learned Scale Ratio (Riu

Learned Scale Ratio (R
°
o

0.74

—e= LAD-UNETR (0904, p<0.001)
—e= LAD-SwinUNETR (0921, p<0.001)
—e= LAD-Primus (~=0.958, p<0.001)

4 6 8 i Swin Transformer
Physical Anisotropy Ratio (R,.) Model Architecture

Fig. 2. Statistical analysis of geometry awareness and task adaptivity for LAD
framework. We mathematically define the physical anisotropy ratio Rpnys =
spmi:f% and the learned spatial scale ratio Rieqrn = Scalzef:% (a) Cor-
relation between Rieqrn and Rpnys in volumetric segmentation, assessed using Pearson
correlation analysis. (b) Task-adaptive distributions of Rjeqrn across three RadChest-
CT classification targets, specifically atelectasis for T1, lung opacity for T2, and

bronchiectasis for T3. *** denotes p < 0.001 via Mann-Whitney U test.

original paper’s focus on ViT-based architectures. Because the AFPE factor only
reflects the dataset-level average, it fails to account for the inconsistent inter-scan
spacing in AbdomenAtlas, resulting in limited segmentation gains compared to
LAD’s 71.58% mDice. While a static approach can benefit specific tasks like
MultiCenter-CT, its rigidity reduces the UCSF-MRI AUC to 0.516. In contrast,
LAD infers instance-level scales directly from image features, ensuring superior
and consistent performance across all evaluated protocols.

4.2 Statistical Analysis for LAD Framework

Geometry-Spacing Correlation. To test whether LAD perceives physical
dimensions, we compare Rjearn With Rpnys on the AbdomenAtlas test set. As
shown in Fig. Eh, Ricarn has a strong positive correlation with Ry across all
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Table 2. Ablation study across all tasks.

Segmentation Classification (AUC 1)

Method mDice 1[mHD95 || T1 | T2 | T3 | T4 | T5

Baselines € Ablation:
(1) Baseline (Standard) 65.93 50.21 0.609|0.54210.498 | 0.519 | 0.678
(2) + RoPE (Isotropic) 69.26 45.25 0.643 | 0.581 | 0.578 | 0.463 | 0.742
(3) + RoPE (Anisotropic)| 70.43 43.19 0.666 | 0.587 | 0.592 | 0.570 | 0.756
(4) LAD (Full) 71.58 | 41.37 |0.676|0.616|0.678|0.586|0.762

backbones (r = 0.904-0.958,p < 0.001,n = 1039). This indicates that, under
native acquisition resolutions, LAD captures the trend of physical anisotropy
directly from image content, without relying on spacing metadata.

Task-Dependent Scale Adaptation. In contrast, on RadChest-CT where
all images are resized to a fixed grid, Fig. 2b shows that Rjeam values adapt
significantly between different tasks (p < 0.001). Because the resizing process
removes physical spacing differences, these shifts indicate that the model adjusts
its scaling based on disease-specific imaging characteristics.

Together, these results indicate that the learned scales align with true physi-
cal spacing in segmentation and adapt to disease-specific imaging characteristics
in classification, supporting both geometric fidelity and task-dependent adaptiv-
ity.

4.3 Ablation Study

We conduct an incremental ablation study using the UNETR/(ViT) backbone to
validate each proposed component, as detailed in Table

Impact of Isotropic Assumptions. Adding standard Isotropic RoPE im-
proves segmentation from 65.93% to 69.26% mDice and benefits several tasks.
However, its rigid isotropic coordinate assumption limits instance-specific adapt-
ability, leading to inconsistent performance across benchmarks. This limitation
becomes evident in limited-data scenarios such as T4 (UCSF-MRI), where en-
forcing fixed isotropic geometry on resized volumes misaligns spatial represen-
tations and reduces the AUC from 0.519 to 0.463. In contrast, our Anisotropic
RoPE allows the coordinate space to adapt to learned geometric scales, recov-
ering T4 performance to 0.570 and further increasing segmentation to 70.43%
mDice.

Necessity of Amplitude Modulation. While Anisotropic RoPE calibrates
spatial phase, semantic recalibration along biased axes remains necessary. Inte-
grating Adaptive Anisotropic Feature Modulation completes the full LAD frame-
work, increasing segmentation to 71.58% mDice and notably enhancing perfor-
mance on tasks like T3, which increases from 0.592 to 0.678. This dual-calibration
of geometric phase and semantic amplitude achieves the most stable performance
across both dense segmentation and global classification targets.
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5 Conclusion and Outlook

This work introduces LAD, an architectural extension for 3D Transformers
designed to adapt to anisotropic data by learning spatial priors. Across vari-
ous segmentation and classification tasks, incorporating LAD into standard or
foundation-style backbones yields consistent performance improvements. Beyond
these results, LAD offers interpretability: the learned scale ratio can correlate
with physical spacing in segmentation and adjust to imaging characteristics in
classification. These findings suggest that adaptive spatial scaling helps handle
data heterogeneity in 3D medical imaging. Future research may explore the inte-
gration of these adaptive mechanisms into the pre-training phase of 3D medical
foundation models. Such an approach could facilitate the development of robust,
resolution-agnostic representations across diverse large-scale datasets.
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